Many studies have shown abnormal functional connectivity in children with attention deficit hyperactivity disorder (ADHD) by using resting-state functional magnetic resonance imaging (rs-fMRI). However, few studies illustrated that to what extent these findings were consistent across different datasets. The present study aimed to assess the consistency of abnormal functional connectivity in children with ADHD across the four datasets from a public-assess rs-fMRI ADHD cohort, namely, ADHD-200. We employed the identical analysis process of previous studies and examined a few factors, including connectivity with the seed regions of the bilateral dorsal anterior cingulate cortex, bilateral inferior frontal gyrus, and bilateral middle frontal gyrus; connectivity between default mode network and executive control network; stringent and lenient statistical thresholds; and the ADHD subtypes. Our results revealed a high inconsistency of abnormal seed-based connectivity in children with ADHD across all datasets, even across three datasets from the same research site. This inconsistency could also be observed with a lenient statistical threshold. Besides, each dataset did not show abnormal connectivity between default mode network and executive control network for ADHD, albeit this abnormal connectivity between networks was intensively reported in previous studies. Importantly, the ADHD combined subtype showed greater consistency than did the inattention subtype. These findings provided methodological insights into the studies on spontaneous brain activity of ADHD, and the ADHD subtypes deserve more attention in future studies.
INTRODUCTION
Attention deficit hyperactivity disorder (ADHD) is one of the most common neurodevelopmental disorders in children (1) . It is a highly heterogeneous disease characterized by varying degrees of inattention, hyperactivity, and impulsivity (2, 3) . The pathogenesis of ADHD is incompletely understood, and a promising trend is the application of resting-state functional magnetic resonance imaging (rs-fMRI). rs-fMRI, measuring spontaneous brain activity, is easy to be implemented. It provides a consistent approach for clinical investigations; and two major measurements, that is, voxel-wise metrics and functional connectivity, were pervasively used in the rs-fMRI investigations on ADHD.
Voxel-wise metrics mainly include amplitude of low-frequency fluctuation (ALFF) (4), regional homogeneity (ReHo) (5) , and degree centrality (DC) (6) . The analytic process of the three metrics is similar across studies, thus helping to identify critical regions related to ADHD across fMRI studies (7, 8) . By using these metrics, abnormal activity for ADHD was identified. As compared with typical developing children (TDC), ADHD showed decreased ALFF and ReHo in the brain areas of the right inferior frontal gyrus (rIFG), sensorimotor cortex, and anterior cingulate cortex (4, 9, 10) . Decreased DC for ADHD was observed in the bilateral pallidum (11) . These results were usually acquired based on the data from a single dataset. Recently, our research group further examined these results on multiple datasets. Abnormal brain activities in frontalstriatal areas and frontal-parietal areas were identified through the metrics of ALFF, ReHo, and DC. Notably, none of the three metrics showed consistent results across the multiple datasets, even with a lenient threshold (p < 0.05, cluster size > 10 voxels) (12) . These findings suggest that it is necessary to re-assess the results of abnormal spontaneous brain activity of ADHD.
Functional connectivity was one another widely used measurement in the rs-fMRI studies on ADHD. Functional connectivity was defined as the correlation between the time course of a particular brain region (seed region) and all other voxels in the brain (13) , and it provides detailed information about interregional relationships. In the functional connectivity explorations, three frontal regions (dorsal anterior cingulate cortex (dACC), right middle frontal gyrus (rMFG), and rIFG) identified by Weissman et al. (14) were believed to be important for the presence of ADHD (14) . The three regions exhibited negative connectivity with precuneus and posterior cingulate cortex (PCC), and ADHD adults showed decreased functional connectivity between dACC and precuneus/PCC than did TDC (15) . This finding was further reproduced by an investigation on ADHD children (16) , and it was also believed as one biomarker of ADHD (17) . Aside from the seed-based functional connectivity, the connectivity between the default mode network (DMN) and executive control network (ECN) was discussed extensively. ECN and DMN tend to be active or inactive during cognitively demanding tasks (18) . DMN consists of anterior and medial prefrontal cortex (PFC), the precuneus, and the angular gyrus (19, 20) . It is active when individuals are engaged in internally focused tasks including autobiographical memory retrieval, envisioning the future, and conceiving the perspectives of others (21) . ECN mainly includes lateral PFC, dorsal parietal cortex, sensorimotor cortex, subcortical areas, and the cerebellum (19, 22) . This network is usually activated during the performance of externally oriented tasks, so it is also termed as task-positive network (23) . ECN and DMN show negative and positive connectivity with PCC (18, 24, 25) . The negative connectivity between the two networks has been widely reported, and clinical evidences indicated the methylphenidate improves the symptoms of ADHD and meanwhile increases the negative connectivity between ECN and DMN (23) .
The seed-based functional connectivity and connectivity between ECN and DMN inform our understanding about the pathological mechanism of ADHD. However, to what extent the functional connectivity results are consistent across individual datasets remains unclear. To address this issue, the present study examined the abnormal functional connectivity based on the datasets of ADHD-200. ADHD-200 is one of the most widely used multi-site MRI cohorts of ADHD, and it contains 10 independent datasets from eight different sites (26) . These datasets provide rs-fMRI and anatomical MRI data of both ADHD and TDC. The consistency of seed-based functional connectivity and the negative connectivity between ECN and DMN were first examined across individual datasets. Moreover, ADHD involves three subtypes, that is, inattention, hyperactivity/ impulsivity, and combined (27) . It was observed that children with different ADHD subtypes showed differences in spontaneous brain activity (28, 29) . Thus, a single subtype may show greater consistency of abnormal spontaneous brain activity than the mixed subtypes of ADHD. Therefore, analyses based on the subtypes were also involved in the present study.
METHODS AND MATERIALS

Participants and Data Acquisition
The data we used in this study are publicly available from the ADHD-200 Consortium (http://fcon_1000.projects.nitrc.org/ indi/adhd200). The ADHD-200 cohort contains both functional and anatomical MRI data contributed by eight institutions. Each dataset was approved by the research ethics review boards of each institution. Signed informed consent was obtained from all participants or their legal guardian before participation.
The datasets were first selected according to the following criteria ( Figure 1A) : (1) Including both ADHD and TDC groups; so the data from BU, University of Pittsburgh, and Washington University were excluded. (2) Employing the same time of repetition (TR) of ≤2,000 ms across the datasets. According to this criterion, Kennedy Krieger Institute (KKI) (TR = 2,500 ms) and Oregon Health & Science University (OHSU) (TR = 2,500 ms) were excluded. Then, the datasets of NYU, PKU1, PKU2, and PKU3 were included in the study, and data from NeuroImage (TR = 1,960 ms) were also excluded because the TR of NeuroImage was not the same as the TR of the other four datasets. The PKU2 and PKU3 datasets only had male subjects, so the female subjects in NYU and PKU1 datasets were excluded to remove potential confounding effect of gender on the results. Left-handed subjects were also excluded from each dataset. There is no significant difference in age between children with ADHD and TDC across all datasets in the present study. After case-by-case age matching between ADHD and TDC, 58 subjects from NYU, 30 from PKU1, 56 from PKU2, and 38 from PKU3 were included in the current study. Demographic information of all subjects is summarized in Table 1 .
Medications were withheld for at least 24 h prior to scanning. More detailed demographic characteristics of the participants of the four datasets can be seen in http://fcon_1000.projects.nitrc. org/indi/adhd200. The rs-fMRI data of the four datasets were acquired from three scanners, with TR of 2,000 ms for all. PKU1 and PKU2 used the same scanner, but scanning parameters were slightly different. The detailed parameters are listed in Supplementary Material Table S1.
Data Processing
The preprocessing was carried out using the Data Processing Assistant for Resting-State fMRI (DPARSF) (30) , which is based on the Statistical Parametric Mapping (SPM8) (http:// www.fil.ion.ucl.ac.uk/spm) and Resting-State fMRI Data Analysis Toolkit (REST) (31) (http://www.restfmri.net). The first 10 time points were removed for signal stabilization and participant adaptation. And then, the number of left time points for NYU, PKU1, PKU2, and PKU3 is 170, 230, 230, and 230, respectively. The unified number of time points (first 170 volumes) was employed for all of the four datasets. Slice timing correction and image realignment to correct head motion were followed. The head motion criteria, that is, head motion <3 mm translation or <3° rotation in any direction, were employed, referring to previous studies (32) (33) (34) , and all subjects met these criteria. Individual structural images were segmented after co-registered to functional images. Then, functional images were spatial normalized to Montreal Neurological Institute (MNI) template (re-sampled into 3 × 3 × 3 mm 3 ) and smoothed with an 6 × 6 × 6 full-width-athalf-maximum (FWHM) Gaussian kernel. The head motion parameter measured by Friston-24 model, global signal effect, white matter (WM), and cerebrospinal fluid (CSF) signals were further regressed out as nuisance covariates. The time course of each voxel was linearly detrended and band-pass filtered with frequencies ranging from 0.01 to 0.08 Hz.
Seed-Based Functional Connectivity Analyses
The functional connectivity analyses were performed based on the seed regions of interest (ROIs), including R_dACC, R_IFG, and R_ MFG. The three seed regions were defined as a sphere with a 6-mm radius (34 voxels) centered at the coordinates reported by Weissman et al. (14) converted to MNI space (R_dACC: x = 8, y = 7, z = 38; R_ IFG: x = 34, y = 45, z = 23; R_MFG: x = 49, y = 19, z = 0). Moreover, asymmetry of the human brain was mentioned intensively (35, 36) , so we also performed the functional connectivity analyses in the contralateral ROIS, and the coordinates were converted to MNI space (L_dACC: x = −8, y = 7, z = 38; L_IFG: x = −34, y = 45, z = 23; L_MFG: x = −49, y = 19, z = 0). The mean time course of each seed region was extracted as reference time course. Then, the functional connectivity was calculated as Fisher's Z-transformed Pearson correlation coefficient between the reference time course and the time course of each voxel in the brain.
Connectivity Between ECN and DMN
A public DMN mask created by Yeo et al. (37) was employed in the analysis (37) , and regions showing time course negative correlation with the DMN were identified as ECN (p < 0.001, Gaussian random field (GRF) corrected). Then, the mean time courses were extracted based on the ECN and DMN masks in each subject. These masks were unified for the subjects of all the datasets, and therefore, there was no network difference across the datasets. The network connectivity was further calculated through the Pearson correlation between the mean time course of DMN and the mean time course of ECN. To validate the analysis with public network masks, we performed another network construction analysis. In accordance with previous studies (38, 39) , DMN/ECN was identified as regions showing positive/negative time course correlation with PCC (p < 0.001, GRF corrected), and the networks were constructed for each dataset. Functional connectivity with the seed region of PCC was calculated [6-mm spherical ROI centered at MNI coordinates: x = 1, y = −55, z = 17, reported by Vincent et al. (40) ] (see details in Supplementary Materials 2.6). Then, the connectivity between ECN and DMN was re-calculated and compared between ADHD group and control group in each dataset. Since the networks were constructed for each dataset, the similarities and differences of the networks across all of the four datasets were further examined by the measurement of percentage of overlap ( Figure S40 and Table S4 ). Moreover, the effects of various analytical methods on the constructed networks were further assessed by the measurement of the Dice coefficient ( Figure S41 and Table S5 ).
Statistical Analysis
Functional connectivity maps of the seed regions of R_dACC, R_IFG, R_MFG, L_dACC, L_IFG, and L_MFG were compared between the groups of children with ADHD and TDC. Twosample t-tests were performed on each dataset. The comparison result for each dataset was corrected for multiple comparisons (p < 0.005, GRF corrected).
At the same time, to reduce the possibility of false-negative results, a more lenient threshold (p < 0.05, cluster size > 10 voxels) was also used for each dataset.
We also performed the analyses of standardized effect size (SES) based on Cohen's d, which is calculated in the following equation (41):
According to equation of independent two-sample t-test, as follows,
The relationship of Cohen's d and t-value can be obtained, as follows:
According to Equation (3), we transformed t maps into SES map for each dataset. The same threshold was applied to the SES maps of each dataset. A high level SES of 0.8 was used, which corresponded to t = 3.08, 2.16, 2.96, and 2.50 (p = 0.003, 0.039, 0.005, and 0.017) for NYU, PKU1, PKU2, and PKU3, respectively.
To view the consistency of results, the thresholded t maps and SES maps were binarized and overlapped among the four datasets. The number of overlapped voxels across four and three datasets was quantified using the Dice overlap coefficient (42) , where the voxel number of intersection was divided by the total voxel number of all the datasets.
As for the connectivity between ECN and DMN, the individual correlation coefficient between the time courses of two networks was transformed by Fisher' Z transformation. Then, a twosample t-test of the Fisher' Z-transformed correlation coefficients was performed between the ADHD group and TDC group in each dataset.
Analysis on Subtypes
In the current study, there were two ADHD subtypes in all of the four datasets, that is, the ADHD combined subtype and the ADHD inattention subtype. The information on subtypes was provided by ADHD-200 directly. According to the diagnostics illustration provided by ADHD-200 (http://fcon_1000.projects.nitrc.org/indi/ adhd200/), PKU1, PKU2, and PKU3 used the ADHD Rating Scale (ADHD-RS) IV to determine the ADHD subtypes, and NYU used Conners' Parent Rating Scale-Revised, long version (CPRS-LV), to identify the ADHD subtypes. There were 19, 6, 12, and 7 participants with the ADHD combined subtype, and 10, 9, 16, and 12 participants with the ADHD inattention subtype in NYU, PKU1, PKU2, and PKU3, respectively. Each subtype matched the health control with age. All the above analysis procedures were repeated based on the data of each ADHD subtype.
RESULTS
Seed-Based Functional Connectivity Across Datasets
Abnormal seed-based functional connectivity examined in each dataset is shown in Supplementary Material Figures S1-S6 , and the overlapped results across the four datasets for each seed region are shown in Figure 2 . No overlapped abnormal functional connectivity was observed from three or four datasets. Even using a more lenient threshold, several voxels showed overlapped abnormal functional connectivity from three or four datasets. Using R_dACC as the seed, we observed seven overlapped voxels of NYU, PKU1, and PKU3 in the left cerebellum. Using R_MFG as the seed, we observed that 13 voxels overlapped from NYU, PKU1, and PKU3 in the PCC. When using L_dACC as the seed, we observed 26 overlapped voxels of NYU, PKU1, and PKU2 in the right medial orbital frontal gyrus and 16 voxels in the left paracentral lobule (see details in Figure 3 and Table 2 ). September 2019 | Volume 10 | Article 692 Frontiers in Psychiatry | www.frontiersin.org
The SES maps of each dataset are shown in Supplementary  Material Figures S7-S12 , and the overlapped SES maps across datasets are shown in Figure 4 (with SES > 0.8). No clusters showed overlaps from more than three datasets.
The seed-based functional connectivity was further examined in subtypes of ADHD, including the combined subtype and the inattention subtype. Abnormal functional connectivity of each dataset is shown in Supplementary  Material Figures S13-S24 . For the combined subtype, abnormal connectivity between R_IFG and middle frontal gyrus showed consistency across all datasets. This consistency was not identified in the inattention subtype (Figures 5 and  6 and Table 3 ).
The SES maps of each dataset/each ADHD subtype are shown in Supplementary Material Figures S25-S36 . For each ADHD subtype, the overlapped SES maps across all datasets are shown in Figures 7 and 8 . Abnormal functional connectivity of each seed region showed overlaps from more than three datasets, and these overlaps were only observed in the combined subtype but not in the inattention subtype.
Considering that the global signal effect on the functional connectivity analysis is still controversial, we also repeated the above analysis based on the preprocessed data without removing the global signal effect. The results are shown in the Supplementary Materials (Figures S42-S48) , which also exhibited few overlaps of the seed-based functional connectivity across the four datasets.
Connectivity Between ECN and DMN
Both children with ADHD and TDC in each dataset showed strong negative connectivity between ECN and DMN (Figure 9 ). No significant difference of this negative connectivity was observed between children with ADHD and TDC in each dataset ( Table  4 ). This finding was reproduced by our further validation analysis with another network construction method (see details in Supplementary Material Figure S37 and Table S2 ).
We also analyzed the negative connectivity between ECN and DMN in ADHD subtypes. As Figure 10 shows, this negative connectivity in each dataset did not show significant difference between the children with the inattention subtype and TDC. Children with the combined subtype showed the trend of significant difference between ADHD and TDC in PKU2, t(22) = 2.69, p = 0.01 (Figure 10 and Table 5 ); however, these results could not survive after the multiple comparison correction.
These results could be reproduced in our validation analysis with another network construction method (details in Supplementary Material Figures S38 and S39 and Table  S3 ). However, we failed to identify the negative connectivity between ECN and DMN when reproducing the results based on the preprocessed data without removing the global signal effect (Supplementary Material Figures S49-S54 and Tables  S6-S9 ).
DISCUSSION
The current study examined the consistency of abnormal functional connectivity across datasets of ADHD-200. We employed seedbased functional connectivity, the negative connectivity between ECN and DMN, stringent and lenient statistical thresholds, and ADHD subtypes in the analysis process. Three major results were obtained: (1) The abnormal seed-based functional connectivity of ADHD was not consistent across datasets. (2) For each dataset, the negative connectivity between ECN and DMN did not show any significant difference between ADHD and TDC. (3) In a subtype analysis, the combined subtype showed more consistent results across datasets as compared with the inattention subtype.
As previous studies reported, functional connectivity between PCC/precuneus and the three regions of R_dACC, R_IFG, and R_MFG could be observed in children with ADHD and TDC (15, 43) , and the decreased functional connectivity between dACC and PCC/precuneus was intensively reported in rs-fMRI studies on ADHD (16, 44, 45) . In the present study, this abnormal functional connectivity was not consistent across all datasets. Decreased connectivity between R_dACC and PCC/precuneus was observed only in the datasets of NYU and PKU1. The abnormal functional connectivity showed some overlaps from three datasets in the region of right inferior parietal gyrus, right supplementary motor area (SMA), and so on. However, the highest Dice overlap coefficient is just 0.0057 even when using a lenient statistical threshold (p < 0.05, cluster size > 10 voxels). Notably, the inconsistency could also be observed in three datasets from the same research site, PKU. Furthermore, in each dataset, the SES of the abnormal connectivity was small, and no overlaps of the SES maps were observed from more than three datasets. These findings suggest high inconsistency of abnormal functional connectivity in children with ADHD, and such inconsistency may be related to the heterogeneity of ADHD (2, 46) . It is important to further validate the findings of functional connectivity in children with ADHD, and at least, both statistical and SES results should be provided in future studies.
Negative connectivity between ECN and DMN was widely examined, and it was believed as the toggling between the executive state and introspective state (25, 47, 48) . In the present study, each subject showed strong negative connectivity between ECN and DMN. Such negative connectivity has attracted more attention from ADHD research communities for its correlation with the stability of behavior (49) . Clinically, this negative connectivity was decreased in children with ADHD without medicine and was increased after use of methylphenidate (23) . In the present study, no significant difference of this negative connectivity was identified between children with ADHD and TDC in each dataset. This finding could be validated by different network construction methods. The networks constructed by the data of individual dataset were different across all of four datasets (the percentage of common region from 51.67% to 66.60%). Moreover, these networks showed difference of spatial pattern as compared with the networks provided by the previous study (37) (Dice coefficient from 0.58 to 0.63). The difference of network spatial pattern may affect the results of the connectivity between networks (50). Thus, we directly employed the networks of Yeo et al. (37) to further validate the negative functional connectivity between ECN and DMN, and the findings were not changed. Moreover, we observed the trend of significant difference when performing analysis in the ADHD subtypes. Children with the combined subtype showed the trend of significant difference between ADHD and TDC in PKU2; however, these results could not survive after the multiple comparison correction. So these results were not enough to support the biomarker role of this negative connectivity for the presence of ADHD.
The ADHD involve three subtypes, that is, inattention, hyperactivity/impulsivity, and combined (27) . It was suggested that the mixed ADHD subtypes may have confounding effects on the results of abnormal spontaneous brain activity (29) . Thus, ADHD subtype was considered as a factor in the analysis process. Here, only the combined subtype and the inattention subtype were involved in the datasets. Results from the combined subtype showed more consistency than did the inattention subtype, and combined subtype showed more overlapped regions across more than three datasets. Specifically, children with the combined subtype showed increased functional connectivity between R_IFG and middle frontal gyrus in all of four datasets. Moreover, considering that the sample size may affect the results, we further calculated the effect size. Also, with high SES (> 0.8), combined subtype exhibited overlapped regions from three datasets. These overlapped regions, such as IFG, MFG, precuneus, PCC, cerebellum, and SMA, have been reported by previous studies on ADHD. For example, Maarten et al. (51) found that increased positive connectivity between SMA and MFG was associated with inhibitory function (51) . Duann et al. (52) also found that the greater connectivity between IFG and SMA is related to successful response inhibition (52) . Rubia et al. (53) reported that the negative correlation in ADHD patients between reduced activation in PCC and hyperactivity scale scores confirms a relationship between behavioral neural abnormalities and impulsiveness (53) . So these overlapped regions may be related to the impulsiveness and inhibition. By contrast, children with the inattention subtype did not show any overlaps of abnormal functional connectivity across more than three cohorts, considering that the ADHD combined subtype included symptoms of hyperactivity/impulsivity and inattention. Thus, the consistency of abnormal functional connectivity for ADHD combined subtype may be not related to inattention symptom in ADHD. Several limitations exist in the present study. First, we explored the functional connectivity with the seed regions of R_dACC, R_IFG, R_MFG, L_dACC, L_IFG, and L_MFG and the negative connectivity between ECN and DMN. Thus, our results were restricted to these measurements, which could not be extended to other regions and networks. Second, only ADHD combined subtype and inattention subtype were involved in the present study. We did not perform an analysis on the data of hyperactivity/impulsivity subtype because datasets of ADHD-200 only include nine subjects with this subtype. Further studies recruiting subjects with hyperactivity/impulsivity are helpful for the validation of our findings. Lastly, we explored the contribution of different subtypes to the inconsistency in ADHD neuroimaging findings; however, the sample size for statistical analysis was too small. For example, PKU1 only included nine ADHD inattention subtype subjects and six ADHD combined subtype subjects. Their contribution should be further explored on a large sample dataset in the future.
CONCLUSIONS
Functional connectivity provided profound information for us to understand the pathological mechanism of ADHD. This is the first study, to our knowledge, to assess the consistency of abnormal functional connectivity in children with ADHD across different datasets. We found that the results of abnormal functional connectivity were inconsistent across datasets, even across three datasets from the same research site. And there was no significant difference between ADHD and TDC in the negative connectivity between ECN and DMN. More importantly, abnormal functional connectivity of the combined subtype was more consistent than that of the inattention subtype. These results provided methodological implications for the No significant difference could be preserved after the multiple comparison correction. ADHD, attention deficit hyperactivity disorder; TDC, typical developing children.
